Background Clinical decision support systems can prevent knowledge-based prescription errors and improve patient outcomes. The clinical effectiveness of these systems, however, is substantially limited by poor user acceptance of presented warnings. To enhance alert acceptance it may be useful to quantify the impact of potential modulators of acceptance. Methods We built a logistic regression model to predict alert acceptance of drugedrug interaction (DDI) alerts in three different settings. Ten variables from the clinical and human factors literature were evaluated as potential modulators of provider alert acceptance. ORs were calculated for the impact of knowledge quality, alert display, textual information, prioritization, setting, patient age, dose-dependent toxicity, alert frequency, alert level, and required acknowledgment on acceptance of the DDI alert.
INTRODUCTION
Many safety and quality benefits are expected to result from the implementation of clinical decision support systems (CDSS) in healthcare. 1 The presence of decision support in an electronic prescribing platform can prevent many types of errors, including knowledge-based prescription errors. 2 Yet the quantitative impact of CDSS on prescribing has lagged behind expectations in many implementations. While theoretical analyses suggest that about one in two harmful prescription errors may be prevented by an electronic prescribing system with decision support, 3 implemented CDSS have had varying impact on prescribing quality 4 and even less clear effect on clinical outcomes. 5 Many things can account for these gaps. For example, CDSS implementation can fail. The timing of CDSS integration often overlaps with the implementation of computerized physician order entry (CPOE) systems, with more decision support added later in implementation. Implementation of CPOE usually creates profound changes in clinical workflows which can impair user commitment. 6 To prevent rejection from the first, factors for successful implementation have been identified and suggest stepwise roll-out, failure analysis, and assessment of potential workflow changes. 7 In addition, once in place, user acceptance can be low. Most CDSS operate as alerting systems that warn providers against potential prescribing errors. However, in clinical practice, providers override up to 90% of presented alerts, which can substantially limit CDSS impact. 8 Providers identify especially the low clinical relevance of warnings as major reasons for alert overriding. 9 Moreover, user acceptance depends on the usability of the system, that is, the way the alerts are presented to the provider. 10 Recently, two major categories of modulators for alert acceptance (ie, factors that influence alert acceptance) have been identified: (1) alert content (ie, quality of knowledge) and (2) alert presentation (ie, human factors). However, their quantitative impact on alert acceptance and their relationship to one another have not been empirically evaluated in ways that inform how we can improve electronic warnings and CDSS acceptance. We undertook this study in order to quantify the impact and mutual relationship of distinct modulators of providers' reactions to electronic prescription alerts. We elected to use drugedrug interaction (DDI) alerts because they are one of the most common types of medication-related decision support, and have suffered from low user acceptance in previous evaluations. We assessed the presented alert content and also the alert presentation and then quantified the impact of distinct modulators.
METHODS

Definition of a scale for quality of knowledge
In general, knowledge presented in CDSS can be classified into basic and advanced knowledge. 11 Advanced knowledge implies that alerts are suppressed if they are inappropriate due to certain characteristics of the patient, the drug, or the medication regimen, leaving only specific and personalized alerts to be displayed. Using the example of DDI alerts, a CDSS incorporating basic knowledge would trigger alerts whenever two interacting drugs are prescribed concurrently. In comparison, a CDSS based on advanced knowledge would suppress warnings which were clinically insignificant or even inappropriate, for example because (1) the route of administration of either one interacting drug precludes concurrent presence at the site of interaction (eg, erythromycin ophthalmic ointment and systemic cyclosporine), 12 (2) the timing of the administration of either one drug precludes concurrent presence at the site of interaction (eg, antacids and doxycycline are administered with a time lag of at least 2 h), 13 (3) the dosage of either one drug already accounts for the extent of a pharmacokinetic DDI, 14 or (4) current laboratory values are affected by the DDI but remain within standard ranges.
Definition of a human factors scale
Phansalkar et al recently published a review outlining 11 human factors principles which can be used to guide the design and implementation of electronic prescription alerts. 15 From this review we identified three human factors domains each summarizing several covariates which are quantifiable and can thus be used as measurable modulators of alert acceptance. First, we assessed the display characteristics which refer to the implementation of the alert in the workflow, for example, its physical or temporal proximity to the event against which it is warning as well as the visibility of the warning (in terms of color, shape, legibility). The content of textual information has been described by different sources.
15e17 Four components were chosen: signal word (eg, 'caution'), hazard (eg, 'serious drug interaction between drug A and drug B'), consequences (eg, 'may result in increased plasma concentrations of drug A, thus increasing the risk of bleeding'), and instructions (eg, 'reduce dosage of drug A by 50% and closely monitor levels'). Prioritization refers to how the tiering of drug alerts according to the severity of the expected adverse drug reaction (ADR) is realized (table 1) .
In this approach, each covariate was allocated a value of 1 if it was incorporated in the respective CDSS. By adding up the values of the covariates, each variable could be classified in an arbitrary score referring to three categoriesdpoor, moderate, or excellent (table 2). The quality of the prioritization and the display characteristics (stratified for each alert level) was categorized by two independent reviewers and inter-rater agreement (Cohen's k) was assessed. In case of disagreement, consensus was achieved by discussion.
Other factors influencing alert acceptance
Alert acceptance has been shown to be influenced by independent factors besides knowledge quality or human factors principles. We therefore controlled the analysis for the following known factors: (1) patient setting: a comparison of studies conducted in each setting indicates that acceptance rates might be lower for outpatients 19 ; (2) patient age: previous studies have found that alert acceptance correlated with patient age 20 ; (3) type of substance triggering the alert, as providers might be more likely to accept alerts referring to high risk substances 20 ; (4) frequency of the alert, because in previous studies providers were stated to be more likely to override an alert if it is repeatedly presented 21 ; (5) alert category referring to the potential risk for the patient because acceptance rates have been higher for high level alerts compared to low level alerts 8 22 ; and The score refers to a value of 1 if the covariate was incorporated in the respective clinical decision support system. ADR, adverse drug reaction; DDI, drugedrug interaction.
(6) whether the alert had to be acknowledged by the provider in order to continue with the prescription. 21 Previous studies have also found that alert acceptance can be influenced by the training level or the specialty of the provider issuing the prescription. 8 Since this was a secondary analysis of previously collected data and neither the training level nor the provider 's specialty were documented, we could not evaluate the impact of this factor on alert acceptance.
Analysis of DDI alerts Description of study sites and data collection
We retrospectively analyzed DDI alerts issued in three different sites (one outpatient (site A) and two inpatient sites (sites B and C)) referring to a locally-developed system. All alerts were issued between February 1, 2004 and February 1, 2005. Data were collected from Partners HealthCare teaching hospitals and the Partners outpatient prescribing system. Data collection at each study site was approved by the Partners HealthCare System Institutional Review Board. Each alert was characterized using the above mentioned variables.
Categorization of alert response
Alerts requiring acknowledgment were categorized as accepted if the provider (1) chose to cancel the prescription of either one of the interacting drugs or (2) kept the prescription but indicated they would adjust the dosage, administer the drugs with an appropriate time lag, or monitor concurrent use as recommended. Conversely, an alert was categorized as overridden if the provider entered a reason not indicating any modification in the prescription (eg, 'aware', 'patient has already tolerated combination before', 'no reasonable alternatives') or if they did not specify a reason at all. The acceptance of alerts that did not require acknowledgment could not be assessed.
Inclusion and exclusion criteria
Alerts for all prescriptions issued for patients >18 years in one of the study sites during the study period were included (pediatric services were not included in any setting).
Only drugedrug combinations occurring in all three sites were included. The acceptance rates of alerts were descriptively analyzed for all three sites. A descriptive comparison of all three sites regarding alert acceptance was conducted in a subset of alerts which were identically integrated in the providers' workflow in all three settings.
For multinomial analysis and quantification of modulators of alert acceptance, alerts issued in all three sites with all three levels were included.
Statistical analysis
In univariate analyses, nominal variables were analyzed using the Pearson's c 2 test, and ordinal and continuous data with the Wilcoxon or KruskaleWallis test, if more than two groups were compared. All variables reaching statistical significance in univariate analysis were included in the multivariate analysis. In multivariate analyses, modulators for alert acceptance were assessed in binary and multinomial logistic regression models, with alert acceptance as dependent variable (binary: accepted vs overridden; multinomial: accepted by canceling the prescription vs accepted by modifying the prescription vs overridden). We included 10 independent variables in the model (table 3) . The analysis was clustered for sites in order to adjust for specific site effects. Interaction terms were not considered. The association between independent variables and the dependent variable was expressed as ORs with 95% CI. The quality of discrimination was assessed via C-statistics. A p value <0.05 was considered significant. All analyses were performed with SAS for Windows, v 9.1 and 9.2 (SAS Institute).
RESULTS
Classification of alerts according to the quality of knowledge
For the current work, only DDI alerts referring to prescriptions with a route of administration prohibiting the DDI were classified as inappropriate (N¼189). The timing of the administration, the dosage, as well as the patient's laboratory values were not documented in the analyzed dataset which precluded complete assessment of the appropriateness of the alert. Such alerts were therefore categorized as potentially inappropriate (N¼241). All other alerts were categorized as appropriate, as their inclusion in the database underlies a well proven and documented algorithm which guarantees that only clinically relevant and correct information is displayed. 23 
Classification of human factors variables at sites studied
The presentation of the alerts was different at each site. Whereas the electronic prescribing settings into which the DDI warnings were implemented offered an advanced design and intuitive workflow integration in the outpatient setting (site A) and in one inpatient site (site B), alert presentation seemed to be less advanced in the second inpatient setting (site C). At sites A and B, DDI alerts were tiered into three severity categories requiring different user acknowledgment with mandatory canceling of either one drug for level 1 alerts (combination of the two drugs might be life threatening), canceling or entering a reason for keeping the prescription for level 2 alerts (combination of the two drugs might be potentially serious), and no mandatory action required for level 3 alerts (information only). Conversely, at site C, all DDI alerts had to be acknowledged by canceling or entering a reason for keeping the prescription. For each site, the quality of prioritization and the display characteristics (stratified for each level) was categorized by two independent reviewers: site A has a 'moderate' alert display and an 'excellent' prioritization, site B has a 'moderate' alert display and prioritization (the prioritization did differ from site A in terms of visual effects), and site C has a 'poor' alert display and prioritization (ie, no prioritization at all). The classification was done by two independent reviewers who had an inter-rater agreement of 0.97 (Cohen's k). In case of disagreement, consensus was found through discussion. The quality of the textual information was individually evaluated for each DDI alert by one reviewer who checked whether the textual information contained information on a signal word, the hazard, the mechanism of the DDI, the potential ADR, what to do in respect of the DDI, and how to do it.
Overall alert acceptance
In the 1-year study period, 281 distinct drug combinations were ordered in all three settings, and there were a total of 50 788 DDI alerts (10 329 at site A, 21 678 at site B, and 18 781 at site C) for 21 910 patients (table 4). Only 0.06% of alerts were level 1 alerts (potentially life-threatening combinations), namely 10 at site A, 16 at site B, and 5 at site C. Less than one third of alerts were categorized as level 2 alerts (2335 at site A, 4591 at site B, and 6363 at site C). For these level 2 alerts, the acceptance rates between different sites differed significantly and were highest at site B and lowest at site C. In the outpatient setting, an alert was significantly more frequently accepted by canceling either one of the interacting drugs. In contrast, in the inpatient setting, providers were more likely to keep both prescriptions but to monitor the concurrent administration as recommended. Moreover, the option to keep the prescription but to adjust the dosage was significantly more often chosen in the outpatient setting and at site B compared to site C (table 5).
Modulators of alert acceptance
All 10 variables showed significant impact on alert acceptance in the univariate analyses. However, if an alert did not require acknowledgment, it was only accepted in 1.4% of cases, indicating that alerts are overridden almost completely if no acknowledgment is required. Accordingly, the fact, that an alert was interruptive was a very strong predictor of alert acceptance. In order to be able to assess the presence of other factors, we only included alerts which were 'interruptive' in the multivariate analyses.
In the binary logistic regression model, the display of the alert, the setting, the alert level, the fact that the drug was a critical dose drug, and the frequency of the alerts were found as independent correlates for providers' alert acceptance. While in the univariate analyses, alert acceptance correlated with the knowledge quality (9.5% accepted if alerts were inappropriate, 21% accepted if alerts were potentially inappropriate, and 29% accepted if alerts were appropriate, p<0.001), knowledge quality was not an independent correlate in binary logistic regression nor was textual information. All results of the binary logistic regression model are presented in table 6 .
The quality of the textual information did not significantly correlate with the provider's decision to accept or override an alert. However, in a multinomial logistic model the quality of the text did influence the mode of reactions, with better quality alerts having a higher likelihood that the prescription would be kept and modified than overridden (table 7). Site A: outpatient; site B: inpatient with advanced CDSS; site C: inpatient with basic CDSS. *Acceptance rates are differ significantly with site B>site A>site C (c 2 , p<0.001). yRate to cancel or discontinue an order is significantly higher at site A than at site B or C (c 2 , p<0.001).
zRates to keep a prescription but adjust the dosage are significantly higher at site A and B compared to site C (Pearson's c 2 , p<0.001).
xRates to keep a prescription but monitor as recommended are significantly higher at site B and C compared to site A (Pearson's c
Only for the textual information were different combinations of covariates available allowing for calculation of the influence of distinct covariates (ie, signal word, hazard, mechanism of the DDI, potential ADR, what to do regarding the DDI, how to do it). Of all information provided, only whether the textual information contained detailed information on how to react to the DDI alert reached statistical significance: If no information was given on how to react to the alert, providers were less likely to keep and modify it (compared to overriding it) (OR 0.84; 95% CI 0.74 to 0.94).
DISCUSSION
Clinical decision support has the potential to improve care, but a key limitation of the success of CDSS has been that they often have low user acceptance rates, which have been described for different settings and types of alerts. In this study, we quantified the impact of nine variables which appear to act as modulators of providers' alert acceptance.
Many previous studies have evaluated the impact of clinical decision support.
15 24e26 Some of the factors affecting whether or not decision support is accepted appear to include workflow issues, the intrusiveness and importance of the alert, who it was displayed to, and factors about the system itself. However, many studies have focused more on whether decision support was expected, and have not explored in detail factors related to the reasons for this.
In this study, we attempted to quantify the impact of some of the major human factors issues which may affect alert acceptance by specification of three variablesdthe display of the alert, the textual information, and the prioritization of the alerts, all of which summarize specific covariates. According to the number of covariates integrated in the CDSS, the corresponding human factors variable may be classified as poor, moderate, or excellent. In our model, the alert display most strongly correlated with alert acceptance, reinforcing that the presentation of the alerts at the user interface is an important determinant of alert acceptance. Hence, to optimize current and future systems, knowledge of human factors and esthetics as well as the psychological aspects of humanecomputer interaction should be included in the development process. The textual information did not influence the frequency of alert acceptance; however, it did affect whether the provider would actually cancel an interacting drug or continue the prescription and modify it in order to account for the DDI. We were able to assess the influence of distinct covariates and found that providers were less likely to cancel a prescription but to keep and modify it if providers received detailed instructions on how to manage the interaction.
The factor with the largest impact on alert acceptance, which we therefore could not include in the logistic regression models, is whether an acknowledgment of the alert is mandatory or not, that is, whether the provider is forced to interact with the system or not. Of course, all the alerts in the category in which no acknowledgment was required had been put in that category because they were felt to be relatively less important than the remainder. Making interaction with the system mandatory for a specific alert will increase the likelihood that a specific alert will be accepteddbut it also creates risks: (1) if the provider disagrees with the presented knowledge but is forced to accept warnings, overall acceptance and user satisfaction might decrease; (2) users might demand all alert functions be turned off; or (3) users may over-rely on the alert and the presented information. 27 Indeed, in the current study, alert acceptance of inappropriate alerts was lower than those for appropriate alerts but still, one in 10 alerts was accepted (compared to three in 10, if the alert was appropriate). This underscores the importance of providing accurate and correct knowledge considering a maximum of clinical information of the individual patient context, in particular if alert acknowledgment is mandatory.
Previous studies have suggested that alerts are more frequently overridden if they are repeatedly presented. However, we found that alerts were more often accepted, especially by keeping the prescription but modifying it, if they were presented more frequently per user of the system. This may correspond to findings from psychology which indicate that we are better able to handle information we already know.
The current approach has several limitations. We assessed only one specific domain, DDIs, and other issues may be found for other domains. Moreover, the overall quality of the studied DDI knowledge base was high, and only a small number of DDI alerts were classified as inappropriate. Thus, the impact of quality of knowledge on alert acceptance might be stronger if knowledge bases with a larger proportion of poor alerts are assessed. Moreover, in such a case, a more detailed assessment of the clinical impact of the alerts might be required and patient individual clinical context should be considered in order to determine the appropriateness of the alert on a patient individual basis. Providers might also have altered their decisions later after the initial interaction based on consultation with another provider or another reference, but we could not evaluate this. We included only CDSS for adult patients and did not assess pediatric populations. We also performed studies within only one integrated delivery system, although we studied several different applications. This approach should be tested in other systems and with other vendors. Although we included a large amount of data from three different sites with different CDSS applications (even though an identical DDI knowledge base was used) and patient populations, the data were still not diverse enough to assess each variable or covariate. In particular, the variable prioritization was not considered in the logistic regression model because multicollinearity was found. On the other hand, because of the large sample size, some results are statistically significant when the differences observed are probably not clinically significant. Moreover, except for the covariates of textual information, there were not enough combinations of different specifications of the covariates in order to model the influence of each covariate. In order to conclusively quantify the impact of the covariates as well as the interplay of the display characteristics and the alert prioritization, further studies with different CDSS applications must be conducted. At that point the classification of distinct covariates may also be changed from binary (present/absence) to a gradual scale.
We conclude that specific modulators may affect the likelihood that decision support will be effective and hence can be useful for improving patient safety. If validated in other settings, the model we developed might help predict the acceptance of CDSS along with factors characterizing the setting, the system itself, and the presented knowledge. If healthcare is to be improved with CDSS, it will be important to have approaches for predicting whether or not specific alerts, warnings, and suggestions are likely to be successful.
